Melting snow and glacier ice in the Himalaya forms an important source of water for people downstream. Incoming longwave radiation (LW in ) is an important energy source for melt, but there are only few measurements of LW in at high elevation. For the modelling of snow and glacier melt, the LW in is therefore often represented by parameterizations that were originally developed for lower elevation environments. With LW in measurements at eight stations in three catchments in the Himalaya, with elevations between 3,980 and 6,352 m.a.s.l., we test existing LW in parameterizations. We find that these parameterizations generally underestimate the LW in , especially in wet (monsoon) conditions, where clouds are abundant and locally formed. We present a new parameterization based only on near-surface temperature and relative humidity, both of which are easy and inexpensive to measure accurately. The new parameterization performs better than the parameterizations available in literature, in some cases halving the root-mean-squared error. The new parameterization is especially improving existing parameterizations in cloudy conditions. We also show that the choice of longwave parameterization strongly affects melt calculations of snow and ice.
| INTRODUCTION
Meltwater from snow and ice forms an important part of the hydrological cycle in the upper reaches of many of Asia's large rivers (Lutz et al., 2014 ). The energy balance over glacier and snow surfaces, which determines the melt, is generally dominated by the shortwave and longwave radiative fluxes (e.g., Azam et al., 2014) . During daytime, the net shortwave radiation is the major energy flux term, whereas in cloudy conditions above fresh snow, as well as during the night, net longwave radiation becomes the most important driver for melt (Müller, 1985; Granger and Gray, 1990; Bintanja and van den Broeke, 1996; Litt et al., 2019) . Clouds do not only decrease the shortwave radiation that reaches the surface but they also have the potential to emit more longwave radiation towards the surface (LW in ) than the gaseous atmosphere due to their larger optical thickness, giving them a higher effective emissivity.
Measurements of longwave radiation in mountainous regions are relatively rare, with a large focus on the Alps (e.g., Marty et al., 2002) . With a lack of measurements, surface energy balance studies generally use empirical models to determine LW in . A number of parameterizations exist that describe LW in using air temperature, water vapour pressure and a cloud factor derived from the atmospheric transmissivity (Marthews et al., 2012; Juszak and Pellicciotti, 2013; Formetta et al., 2016) . These models were not developed or tested in humid high-mountain environments, typical for the tropical Andes or the Himalaya. The high elevations give rise to low pressures and temperatures, resulting in relatively low vapour pressures. For the gaseous atmosphere, this means that other radiators, such as CO 2 , could contribute relatively more to the LW in (Philipona et al., 2004) . Furthermore, during the wet season, abundant clouds are formed locally in the mountains. Hence, the clouds in this environment often resemble a ground fog, as seen from the surface, instead of passing at a higher altitude with corresponding lower temperatures. This could lead to an underestimation of LW in in cloudy conditions. Simple parameterizations that include cloud cover also have difficulties in adequately accounting for longwave radiation during the early morning, evening and night, where cloud cover is generally unknown if retrieved through shortwave radiation measurements. Sicart et al., 2010 show that for the tropical Andes the variability of LW in is predominately driven by cloud cover rather than air temperature or the emitting low atmosphere.
Here, we analyse new multi-annual time series of climatic data in three Himalayan catchments, which enable us to (a) investigate the importance of longwave radiation in the total net radiative budget of high-altitude catchments in the Himalaya (see also Litt et al., 2019) , (b) test standard approaches to model longwave radiation and (c) develop a new longwave parameterization suitable for high altitude conditions. This paper is divided into three parts: we first present the available data and discuss the radiative budget. Second, we discuss existing longwave parameterizations and test their performance for our Himalayan stations. Finally, we propose a new longwave parameterization that is easy to implement using inexpensive measurements.
| OBSERVATIONS OF LW I N IN THE HIMALAYA

| Stations
Meteorological data used in this study has been collected at eight different automatic weather stations (AWSs, see Table 1 , Figure 1 ), three of which are located in the Langtang catchment (Kyanjing, Yala Base camp and Yala Glacier), and three in the Khumbu catchment (Naulek, Mera and Changri Nup), both in Nepal. These two catchments have a monsoon-dominated climate in summer. Two additional stations are located on the Chhota Shigri Glacier, where summers are dryer (Azam et al., 2014) . Figure 2 illustrates the difference in annual cycle between Yala Basecamp, which is monsoon-dominated, and Chhota Shigri Moraine, which is dryer in summer and wetter in winter. To differentiate between the different seasons in the monsoon-dominated Himalaya, we separate our data into a wet monsoon season (June-September) and a dry season (October-May), based on precipitation measurements (e.g., Immerzeel et al., 2014) . The Chhota Shigri stations do not have precipitation measurements for direct comparison, but we refer to Azam et al. (2014) for more details on the annual cycle of precipitation in that area.
| Atmospheric conditions
We used the Yala Basecamp (Yala BC) station as a reference, and to calibrate model parameters. We chose this station, since it has the most consistent data record, and is intermediate in elevation (5,090 m.a.s.l.). The mean meteorological conditions for Yala BC are summarized in Figures 2 and 3. During the dry season, relative humidity increases from sunrise to sunset, after which it drops again, coinciding with the wind direction reversing from upvalley to down-valley (not shown). During the monsoon, the air is practically saturated at night, with a slight average drop in relative humidity during the day, when temperatures increase rapidly. LW in has a diurnal cycle in the dry season that better resembles the relative humidity curve than the temperature curve. In monsoon, the LW in seems to follow more closely the temperature variations, although the LW in peak is later than the actual temperature peak (see Figures 3a,d While incoming shortwave radiation is generally considered the most important flux for ice or snow melt, longwave radiation plays a considerable role as well (Sicart et al., 2005; Azam et al., 2014; Huintjes et al., 2015a; Huintjes et al., 2015b) . During monsoon, the LW in at Yala BC amounts to 36% of the total incoming radiation during daytime (ranging between 27 and 57% when all monsoondominated stations are considered), compared with 21% during the dry season (ranging between 20 and 30% when all monsoon-dominated stations are considered). These values are considerably larger when the mean over the entire day is taken (61 and 44% for Yala BC for wet and dry seasons, respectively).
| EXISTING LW I N PARAMETERIZATIONS
| Parameterization description
The LW in generally includes two components: one from the gaseous atmosphere (water vapour and other gases), and one from clouds, which mostly consists of water droplets or icy particles. In steep mountainous terrain, nearby high surfaces can cause an additional contribution close to the horizon. We assume this component to be relatively small in the following, given the generally small solid angle and high incidence angle of the radiation. The most common way to represent LW in under both clear and cloudy conditions is by using a version of the StefanBoltzmann law:
where ε eff is the effective emissivity of the atmosphere, in theory ranging from 0 to 1, σ is the Stefan Boltzmann constant (5.67 x 10
) and T is the air temperature at screen level (K). In the absence of clouds, the effective emissivity can be represented by a clear-sky emissivity ε clear . A standard approach to compute clear-sky emissivity, used in various climates, was proposed by (Brutsaert, 1975) :
where e is the atmospheric vapour pressure (hPa), m = 7, and C represents the relation between vapour pressure and temperature near the ground, which can be adapted to the local climate. While Brutsaert (1975) gives C = 1.24, Sicart et al., 2010 find C = 1.15 for a mountainous tropical climate, while Konzelmann et al. (1994) finds m to be larger than 7 but C to be only 0.443 on the Greenland icesheet. Another approach was proposed by Dilley and O'Brien (1998) and found to provide best results in a comparison study of longwave parameterizations applicable to melting glaciers in the Alps (Juszak and Pellicciotti, 2013) 
In Section 3.2, we compare these two models to our data and test their suitability for the high-altitude environments in the Himalaya.
A number of empirical approaches to model the effective emissivity for overcast conditions also exist (see Juszak and Pellicciotti, 2013 and references therein for an overview). Juszak and Pellicciotti (2013) find the parameterization proposed by Unsworth and Monteith (1975) for cloudy conditions, in combination with the relation of Dilley and O'Brien (1998) for clear sky emissivity, to be performing the best for data in the Swiss Alps (henceforth referred to as the UM model). The UM model is dependent on the atmospheric transmissivity τ atm , which is derived from the measured daytime surface incoming shortwave radiation SW in and the theoretical potential clear-sky incoming shortwave radiation SW pot :
The effective emissivity is then found as follows:
where a and b are location-specific parameters and equal to a = −0.84 and b = 0.84 in the original model proposition. Sicart et al., 2010 present another approach of parameterising LW in , based on measurements in the tropical Andes. They find two peaks in the occurrence distribution of the atmospheric transmissivity, coinciding with very cloudy and clear conditions, and introduce a cloud factor F to describe the effective emissivity, such that ε eff = F Á ε clear . They suggest that beyond a transmissivity of 0.8 the cloud factor reaches unity, resulting in: 
This model was found to perform well in the tropical Andes, and we refer to this model as the S model.
To distinguish between clear-sky and cloudy conditions, an accurate SW pot has to be computed, which depends on local topographic shading as well as the clear sky transmissivity. We first determine SW pot_clear at hourly time steps between 6:00 a.m. and 7:00 p.m. local time using the algorithm employed by ArcGis, assuming a transmissivity of 1 (Fu and Rich, 2002) . We use the NSIDC 8-m HMA DEM (Shean, 2017) to account for accurate shading. Choosing all measurements of SW in larger than 1,000 W/m 2 , which we assume to be definitely cloud-free measurements. We determine the atmospheric transmissivity with respect to the calculated SW pot_clear under these conditions as
. Clear-sky transmissivity varies between the sites, with lowest values at the lowest site, Kyanjing (0.72), and highest on the highest site, Mera (0.76), corresponding to a decrease in atmospheric pressure or decreasing atmospheric thickness. We then use the average value 0.746, which is nearly identical to the commonly used 0.75 from Hock (1999) to calculate the actual potential incoming shortwave radiation SW pot as follows :
At night, the transmissivity τ atm was linearly interpolated between the last daytime point and the first daytime point the next day. Table 2 summarizes the different models we test in this paper.
| Performance in the Himalaya
We tested the performance of the LW in parameterizations that performed well in the Alps and the tropical Andes using our measured LW in in the Himalaya. We first assess the two selected clear-sky parameterizations before assessing the entire time series. Figure 4 shows the clear-sky description of LW in by Brutsaert (1975) and Sicart et al., 2010 , compared with measurements with a transmissivity larger than 0.9 at the three Langtang sites. Figure 4 indicates that there are data points with high emissivities included for deduced transmissivities larger than 0.9. This scatter of high emissivity data points is more prominent at higher elevation. These data points probably indicate partial cloud cover, while still having high incoming shortwave radiation conditions (see our detailed discussion in Section 5). Sicart et al., 2010 note a similar change in their C parameter with altitude, which they attribute to changing temperature and humidity profiles. Our observations also show that the originally proposed parameter of C = 1.24 provides a somewhat better description to LW in than the value of C = 1.15, as determined by Sicart et al., 2010 our stations in the Himalaya, indicating that a higher value of C is needed. The model by Dilley and O'Brien (1998) generally has a lower bias, as indicated in Figure 5 , but also does not capture the data points with high LW in . Furthermore, it overestimates LW in at the very lowest values. For the full time series, including cloud cover, we assess the S and UM parameterizations, as described above. shows that the transmissivity is not necessarily a good measure of cloudiness, and that LW in is generally underestimated under cloudy conditions. This indicates a need for a separate calibration for high-mountain environments in the Himalaya, or a new LW in parameterization. The similarity in shape of the diurnal cycles of LW in and relative humidity, with the shape of the LW in curve being in between the air temperature and relative humidity curves (see Figure 3) , motivated us to consider relative humidity as a possible variable for describing LW in in the Himalaya, next to air temperature. Figure 7 shows the effective emissivity as a function of relative humidity, vapour pressure and transmissivity. From the figure, it is clear that many of the data points cluster into two branches: a clear-sky branch with low emissivity, and a branch with emissivities close to unity. The latter condition is consistent with optically thick clouds at the temperature close to that of the sensor, indicating local and low cloud formation, like the thick cumulus cloud typically observed at the sites. In between the two branches, there is a scatter of data points, consistent with broken clouds and/or clouds at higher altitudes. These intermediate points show only a slight correlation with shortwave transmissivity, with a large scatter and many data points having very high transmissivities (see Figure 7c ). Also note that at high emissivities, there is almost no dependence of LW in on the transmissivity, in contrast to what the UM and S models assume. Figure 7 also shows that relative humidity is generally good at separating out the two branches. Especially at night, when there are no transmissivity measurements possible, thick local clouds form only at very high relative humidity. We chose a simple parameterization using only temperature and relative humidity, which can represent both the clearsky and the cloudy branch:
We tried multiple relations that included temperature and relative humidity, but the best ones gave similar results as the above simple relationship. Based on Figure 7a , we separate the data into two branches using only relative humidity as a criterion: at night (incoming shortwave radiation is less than a relatively small threshold, which we took as 50 W/m 2 in our case,
with smaller values not significantly affecting the results) the cloudy branch is described by a relative humidity larger than 80%, whereas during the day this threshold was set to 60%. A wide range of threshold values were tested, but values of the daytime relative humidity threshold between 40 and 80%, and night time values between 75 and 100%, gave root-meansquared errors that differed less than 1 W/m 2 for Yala BC. The parameters obtained from fitting Equation 8 for the two different branches for Yala BC are shown in Table 3 .
| Performance of the new parameterization
The performance of the new parameterized hourly LW in , compared with the measured values at Yala BC, is shown in Figure 6c . There is generally a very good agreement between the two, with the largest deviations caused by the data points representing intermediate cloud conditions. A comparison of the different panels in Figure 6 shows that the new parameterization performs better than the two other parameterizations with the parameters from the literature, with notably less deviation during periods with high LW in , which are mostly encountered during the wet season. The mean diurnal cycle of LW in is also reasonably represented by the new parameterization and shows good agreement with measurements, especially at night (see Figure 8 , Table 4 ). During the day, the diurnal cycle of the new model peaks too late, and is more weighed towards the relative humidity curve. On the other hand, the S model has a diurnal cycle that follows the temperature cycle too much, with a peak that is too early. The S model consistently shows the large negative bias that is also clear from Figure 6 . The UM model shows much more variability in daytime LW in and has a negative bias in the wet season, whereas it has a positive bias at night in the dry season. Table 4 compares the performance of the three assessed parameterizations for all eight stations in the Himalaya, showing very similar relative results for all stations. The UM and S models perform the worst at the high-altitude sites in Khumbu, whereas for the new parameterization the performance is less impacted there. All three models have a relatively poor performance for the Chhota Shigri Moraine site, which shows relatively more intermediate LW in cases at relative humidities smaller than 60% than the other sites. It also has more intermediate transmissivity cases. For the Chhota Shigri sites, the existing models perform relatively better compared to the new model from this study.
| Impact of the calibration site
We have now compared our new parameterization, calibrated at Yala Basecamp, to the S and UM models, calibrated using data from the Andes and Alps. Hence, it is possible that a calibration site in the Himalaya will change the S and UM models and will improve performance in the Himalaya. We tested the ability of all three models to reproduce the measured LW in by fitting the model to the measurements for all stations separately using linear least-squares. The fitted parameters for Yala Basecamp for the S and UM models are given in Table 5 .
The performance metrics from this exercise are summarized in Table 6 . It is clear that the S and UM models indeed show much better performance of all errors when fitted to the data at the site itself, compared with the literature values of the parameters. They are now more comparable to the new method presented in this work. In contrast, the new model shows only a slight improvement in root mean square error (RMSE), indicating that the parameterization from Yala Basecamp is already close to ideal for many of the stations. The main improvement for the new model is in the mean bias error. The new method still outperforms the S and UM models for all stations except at Chhota Shigri Moraine, where all methods show the worst performance. Figure 9 T A B L E 3 Parameters for the new model described in 
| Implications for glacier melt calculations
LW in is an important component contributing to the glacier melt in the Himalaya (Litt et al., 2019) . We calculated melt on our on-glacier site on Yala Glacier (2016 and 2017) using the different parameterizations, as available in the literature, for LW in and compared the results against the full energy balance using only measured fluxes (Figure 10 ). For details on the energy balance please refer to Litt et al. (2019) . Using the S model results in an underestimation of melt of 0.33 m w.e. (30%) in 2016 and 0.18 cm in 2017 (18%), which had a shortened measurement period. The new parameterization decreases this offset to 0.12 m w.e. (12%) and 0.06 m w.e. (6%), respectively. As is obvious from the diurnal cycle (Figure 10 ), the new model especially improves the large offset due to the biases in LW in . In addition, the original S and UM models overestimate the refreezing considerably due to underestimated LW in . When the locally optimized S and UM models are used, the UM model gives almost identical results to the blue line in Figure 10 . The optimized S model overestimates the melt fluxes at night. In 2016, it underestimates the daytime flux, giving an overall match of the cumulative melt within 0.01 m w.e. In 2017, the optimized S model also slightly overestimates the daytime flux, giving a total overestimation of 0.06 m. w.e. While a number of uncertainties exist in the total surface energy balance, most notably related to the roughness of the ice or snow surface influencing the turbulent fluxes (Litt et al., 2019) , these results show that the differences in the LW in parameterization can also greatly influence melt calculations, especially during the wet monsoon.
| CONCLUSIONS AND DISCUSSION
We have investigated the applicability of existing parameterizations for LW in in the Himalaya, based on near-surface air temperature, vapour pressure and shortwave transmissivity, and found that they have relatively large biases. Generally, they underestimate LW in , especially in wet and cloudy (monsoon) conditions. We propose a new empirical LW in parameterization for the Himalaya, based only on near surface air-temperature and relative humidity. The new parameterization performs well for all eight analysed stations in the Himalaya, with NSE above 0.7 and RMSE below 30 W/m 2 for six stations, even with a fixed parameterization. We obtain especially good performance in wet and cloudy conditions, such as those encountered during the monsoon. Furthermore, it has the benefit to work well at night, when no transmissivity information is available. Simple thresholds, such as the time of sunset and sunrise, can be used to separate night and day. Another advantage of our proposed method is that near surface air-temperature and relative humidity are easy to measure, requiring only small and relatively inexpensive equipment. This is greatly beneficial for future work in the Himalaya, where measurements of radiation are very sparse, and equipment is difficult to install and maintain. The longwave contribution can be over half of the incoming radiation in the monsoon season and we show that the choice of parameterization greatly affects glacier melt models for the presented catchments in the Himalaya. Hence, a good representation of LW in is essential for detailed glacier energy balance models, and hydrological modelling of catchments with snow and ice. Although our stations were separated over many hundreds of kilometres, the performance of the new parameterization will need to be verified for other mountainous environments.
One of the reasons why the simple parameterization works especially well in the presented monsoon-dominated catchments is that most data points indicate either clear-sky or cloud-covered conditions, with relatively infrequent intermediate cases. At Yala Basecamp the intermediate cases represent roughly 25% of the data points. This is consistent with the idea that many clouds form against the mountain slopes themselves, instead of drifting over at higher altitudes. In this study, we did not fit the intermediate cloud points separately from the clear-sky and cloudy branches, since we found it difficult to select these intermediate cloud cases based on measurements of parameters other than LW in . This causes our fit to deviate slightly from the dense cloudy branch, as seen in Figure 6c . More complex parameterizations could take the intermediate cases into account separately to increase performance even further, if the intermediate cases can be separated somehow. We do note that these intermediate cases occur almost exclusively at low wind conditions, with wind speeds less than 2 m/s.
All models had the worst performance at the Chhota Shigri Moraine site, which shows a relatively large occurrence of intermediate emissivities at low relative humidity, and intermediate transmissivities at low emissivites. In contrast, the Chhota Shigri Glacier site has more intermediate emissivities at high relative humidity. In both cases, it is possible that the relative humidity that is measured at 2 m above the surface does not represent the atmosphere above it very well. In warm and dry conditions, where the glacier is melting, the relative humidity directly above the glacier is probably significantly higher than the atmosphere tens of meters above it. In the monsoon, the relative humidity will be high in the entire atmosphere, and there will probably be less of a gradient in that period for the monsoon-dominated sites. Above rock, radiative heating could cause strong temperature and relative humidity gradients. Exploratory experiments in Langtang valley, where we took measurements with a temperature and relative humidity sensor (iMet-QX, ±0.3 C, ±5%) on a small drone, show such gradients exist up to at least 10 m above the surface (see Figure 11) . Improvements in the performance of the parameterizations in cases of nonlocal clouds might thus be achieved by setting up sensors at slightly higher heights above the surface, or having two sets of sensors at two different heights, a few metres apart, to correct for steep gradients. However, the first suggestion is probably impractical in the Himalaya. In any case, more research and measurements are needed to quantify boundary layer effects in the Himalaya. During the day, the cloudiness derived from the longwave radiation does not seem to correspond well to the transmissivity, as derived from the incoming shortwave radiation (see Figure 7c ). An explanation for this could be that the shortwave radiation is mainly dominated by direct sunlight from the direction of the sun, whereas the sources of longwave radiation are more uniformly distributed across the sky. Furthermore, the theoretically calculated potential clear-sky shortwave radiation is sometimes lower than the measured SW in . Reflection from nearby (snowy) surfaces and small clouds, as well as enhanced radiation due to a thin cloud layer, could further influence the shortwave measurements to limit the effectiveness of transmissivity calculations in mountainous regions. In the dry season, clear-sky SW in could be determined empirically, but in the wet season clearsky conditions are not frequent enough for such an approach. All-sky imaging (e.g., Pfister et al., 2003) might improve the estimation of cloud cover for LW in modelling if high accuracy is required. Furthermore, images could help identify the differences between thick cumulus and thin cirrus conditions, in order to understand the performance of the model. Remotely sensed cloud products, such as those from images, radar, or laser altimetry could further help to understand the cloud properties. However, due to the generally limited repeat time and spatial resolution, they will be most useful for calibration purposes and qualitative comparisons. However, the relative humidity will probably be a necessary parameter in the cloudy wet season, since relative humidity could act as a measure of the altitude of the cloud above the station, and hence the temperature difference with respect to the temperature measured at the station.
Although the above results focus on the Himalaya, the new parameterization could potentially be used in other mountainous regions as well. The eight stations used in this study already reflect some differences in climatic setting, but we test the parameterization on three very different locations to further illustrate its potential outside the Himalaya. We use publicly available hourly data from an AWS on Hintereisferner, located in the Austrian Alps Table 3 , with the measurements of LW in is shown in Figure 12 . Yala BC. These data from other mountain ranges suggest that future work in other mountainous regions could also greatly benefit from the parameterization presented here.
